This paper deals with the risks aggregation issue and adequate risk capital modeling within a multivariate setting. Focusing on the non-life insurance risk module, we examine the sensitivity of capital requirement to the dependence among risks for a multi-line Tunisian insurance firm. Such a context entails a nonlinear dependence of risks problem whose resolution may be intended by means of multivariate copulas. The relevant analysis relies profoundly on the dependence modeling by the means of vine copulas which are a flexible technique to model multivariate distributions constructed using a cascade of bivariate copulas. Under various confidence levels in VaR and TailVaR, the reached findings reveal the advantages of D-Vine copula in modeling inhomogeneous structures of dependency due to its flexibility of use in a simulation context. Practitioners and regulators can explore our conclusions for the assessment of risk capital under Solvency 2, which is based on stochastic models.
INTRODUCTION
Financial institutions are required by regulators to withhold a minimum level of capital, referred as risk capital, to be able to keep a risky position. Under the new regulatory framework Solvency 2, the standard approach recommends insurances to marginally calculate the risk capital by aggregating stand-alone economic capitals per type of risk (insurance, market, credit …) and per business line (Non-Life insurance, Life insurance...) using the linear correlations existing among different risks. Conceptually, the risk capital is defined as the capital cushion against unexpected losses in a worst-case scenario calculated using the risk measure VaR at a specified confidence α over a given time period. Nevertheless, several authors have criticized the use of VaR to compute the minimum capital requirement and have recommended the use of an alternative measure, namely the TailVaR (Kaas et al., 2009; Goovaerts et al., 2010; Cossette et al., 2013) .
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The copula function permits separating the dependence structure from the marginal distributions, which is useful for constructing multivariate stochastic models. Within the actuarial literature, several applications of copulas to insurance framework have been dealt with (Frees and Valdez, 1998; Frees and Wang, 2006; Eling and Toplek, 2009; Zhao and Zhou, 2010; Shi and Frees, 2011; Cossette et al., 2013; Fang and Madsenb, 2013) . The recent advances for high-dimensional copula models tend towards hierarchical structures based on the building blocks, known as pair copula construction (PCC). This structure specially related to a kind of copula, called vine copulas, has simplified the construction of multivariate distributions. In this paper, we extend this flexibility to insurance framework and we make the first application of multivariate copulas by fitting CD-Vine copulas to empirical losses' insurance data.
Focusing on the non-life insurance risk module solely, the aim of this paper is to examine the sensitivity of capital requirement to the dependence among risks for a multi-line Tunisian insurance firm in multivariate settings.
With respect to the literature that uses copulas in risk capital estimate, our research is broadly linked to the contributions of Tang and Valdez (2009) and Brechmann and Schepsmeier (2013) . We suggest a flexible approach of dependence modeling for aggregating heterogeneous risks. This paper makes two contributions to the related literature. First and foremost, this study explores the dependence modeling in a realistic environment using the database relating to incurred claims of the Tunisian insurance company. We set up multivariate CD-vine copula among four losses from non-life business lines, estimate its parameters and perform goodness-of-fit tests to conclude the optimal copula. The multivariate distribution is the outcome of a mix of univariate marginal distributions and copulas simulated. Second, the risk capital forecast is deducted by applying VaR and TailVaR risk measures on aggregate loss simulated. Finally, we accomplish a comparative study stipulating the independence assumption and thus determine the diversification benefit in the two hypotheses of dependence and independence.
Then, we display that a static approach of ignoring the real dependencies between different risks can systematically lead to an overestimation of the total capital requirement. The strategic management in an insurance industry involves a multi-year time horizon for economic decision-making, providing the motivation for this paper. Up to now, few researchers have focused on the multivariate dependence modeling for non-life insurance due to the paucity of data and the reluctance of the insurers to deliver their private and tricky information.
The remainder of the paper is organized as follows. In the upcoming section, a survey of the relevant literature is exposed, while Section 3 describes the methodological approach underlying the research in dependence modeling and the computation of the capital requirement by forecasting VaR and TailVaR for solvency purpose. In addition, © 2017 AESS Publications. All Rights Reserved. we describe the multivariate distributions using pair copula constructions (PCC) and the estimation procedures of their parameters. In section 4, we present the empirical analysis and results, followed by a conclusion in Section 5.
LITERARY REVIEW
With the upsurge of integrated risk management as an outstanding discipline in banking and insurance sector, the issue of risk aggregation through copulas theory has recently become a focal point of research. This paper surveys the related empirical literature on using copulas for the risk capital estimate.
Financial literature has strongly emphasized on the relationship between market, credit, and operational risks in the banking sector (Alexander and Pezier, 2003; Dimakos and Aas, 2004) . For instance, a detailed application of the modular approach is Rosenberg and Schuermann (2006) which displays how copulas can be used instead of correlations to consider better risk tail dependencies. Besides, Grundke (2009) assesses the accuracy of the total economic capital based on the top-down approach. The author accentuates that it is relatively difficult to select the copula function that should be used in a top-down approach in order to catch the risk integration simulated through a bottom-up model. Liang et al. (2013) derive the integration process of Chinese commercial banks' credit risk and market risk with factor copula. The results are compared with elliptical and Archimedean copulas models. The authors find that factor copula leads to a more cautious result in risk integration. Indeed, Li et al. (2015) review the state-of-the-art of risk aggregation methodologies applied to credit, market and operational risk aggregation of the Austrian banking industry. The total risks and diversification benefits from different approaches are compared to further investigate their relative magnitudes and tail behaviors. The results reveal that the t-copula is an adequate choice to capture tail dependence while Gaussian copula is not recommended. Moreover, the suggested mixture copulas consisting of t-copula and Gumbel copula exhibit heavier right tail dependence than the single t-copula.
A more comprehensive review of recent approaches unveils the need to explore the aggregated risk figure of a financial institution by examining the dependence of operational risks through the use of multivariate copulas (Guégan and Hassani, 2013; Brechmann et al., 2014) .
For solvency purposes, the recent literature on insurance risk has looked at a one-year perspective and, more recently, at a multi-period perspective using standard approaches. Empirical studies that focus on cross-risk aggregation using copula functions for the insurance institutions are less common. Using the concept of comonotonicity, an alternative aggregation approach is propounded by Dhaene et al. (2009) who assume that risk distributions are either normal or lognormal distributed, to compute the so-called total economic capital. The authors argue that risk aggregation process leads to a diversification effect. Operating in a multivariate elliptical context, Tang and Valdez (2009) investigate the sensitivities of the capital requirement to the choice of the copula and other modeling assumptions using numerical illustrations based on Australian general insurance data. The authors also explore the related issue of the diversification benefit from operating multiple business lines in the context of risks aggregation through copulas. They conclude that there is a large difference in the capital requirement as well as diversification benefit under diverse copula assumptions.
Under Solvency 2 project, Arbenz et al. (2012) provide a rigorous mathematical foundation for the risk aggregation method for the solvency capital requirements estimate. They suggest a hierarchical risk aggregation approach, which is flexible method in high dimensions. They perform an algorithm based on the Iman-Conover approach for numerical approximation, which make dependence between originally independent marginal samples through reordering. Moreover, they apply normal and lognormal distributions for the margins. Compared to classical dependence modeling approaches, this permits for more flexible dependence structures.
Similarly, Diers et al. (2012) copulas. Then, they illustrate the application of the Bernstein copula in a value-at-risk and tail-value-at-risk simulation study to determining solvency capital requirements purpose. Their study was performed on non-life insurance German market on six-dimensional data set. Their results display that the Bernstein copula is a supple approach due to its representation as a mixture of independent Beta densities, but not the solution to all modeling problems. Bermúdez et al. (2014) propose a flexible approach of solvency capital requirement based on Monte Carlo simulation by integrating different copula families to stylize the dependence structure among losses. They used Pareto distributions for margins. By definition, capital requirements are typically equal to, or proportional to, a risk measure value that defines the minimum cushion of economic liquidity. The illustration is carried out using data from the Spanish insurance market. Finally, they address the implications on the capital risk estimates of choosing the random behaviors of risk factors, the copula that determines the dependence between them and the risk measure that is chosen to assess total risk. Côté and Genest (2015) consider a flexible approach for risk aggregation based on a tree structure, bivariate copulas, and marginal distributions. A procedure for picking the tree structure is advanced using hierarchical clustering techniques, along with a distance metric based on Kendall's tau. The approach is illustrated using data Finally, Bølviken and Guillen (2017) suggest a simple scheme based on the log-normal distribution, which is proved to be superior to the standard formula and to adjustments of the Cornish-Fisher type for risk aggregation in Solvency 2. Relying on the Monte Carlo simulation, this approach considers the tail-dependence by mixing hierarchical Clayton copulas in order to approve the accuracy of the lognormal approximation and to illustrate the importance of encompassing tail dependence.
METHODOLOGY

Copulas Approach
The dependence structure modeling provides a specific treatment of separating the marginal distributions functions to their joint distribution. The copula functions that have proposed firstly by Sklar (1959) associates univariate marginal distributions to their multivariate distribution. An n-dimensional copula refers to a multivariate distribution, C, with uniformly distributed marginal distributions on .
Consider a random vector with marginal distribution functions . In light of Sklar theorem, there is a unique copula function C to explain the joint distribution F of margins such that:
From Eq.(1), for continuous random vector with strictly increasing continuous margins , the copula is expressed as: (2) where the are the inverse functions of the marginal distributions.
The joint probability density function of a copula C is defined by the following formula:
Where is expressed as the product of both the copula density and the univariate marginal densities. In fact, the joint density can be split into two blocks. The first block provides information's on the dependence structure between random variables. The second block is the product of the marginal densities 2 .
Our empirical analysis applies various families of copula with different tail dependence specifications. These families, which display different upper and lower tail dependence, include Gumbel (positive dependence and the upper tail), Clayton (positive dependence and the lower tail), Frank (both positive and negative dependence and tail independence), Joe (positive dependence and the upper bound) and BB copulas (see Appendix A).
Whereas most of the literature on dependence modeling of insurance losses focus on elliptical copulas, this study apply vine copula model, known as pair-copula constructions (PCC) to forecast the risk capital of an insurer.
For high-dimensional distributions, vine copulas are a flexible technique to model multivariate distributions constructed using a cascade of bivariate copulas. Originally introduced by Joe (1997) The vine copulas, which are built from a tree sequence of bivariate copulas, consolidate pairs of copulas n-dimensional PCC to (n-1) linked trees (with nodes and edges). Aas et al. (2009) introduce two special cases of vine copulas, namely the canonical vine (C-vine) and the drawable vine (D-vine). Each model yields a specific way of decomposing the density. Figure 1 depicts the specifications corresponding to a four-dimensional C-and D-Vine respectively. The dependence in C-vines is modeled with respect to one specific variable, playing the role of pivot (factor) in every tree. Broadly, a root node is designated in each tree and all pair-wise dependencies with respect to this node are modeled conditioned on all previous root nodes.
Likewise, D-vines are also assembled by selecting a specific order of the variables. Afterwards, in the first tree, the dependence of the first and second variable, of the second and third, of the third and fourth, and so on, is modeled using pair-copulas.
Having used pair-copula constructions, the joint copula density can be expressed as a product of several bivariate pair-copulas. Since we attempt to analyze the impact of dependence structure among insurance losses on capital requirement, we considered a vine copula with four variables. Let be the joint density function of n random variables , we consider the following decomposition:
With denotes the conditional density.
In general, the density formula can be written as follows: (5) with is a vector of n dimensions, is the th component of the vector, and is the vector that excludes the components .
Using a formula of Joe (1997) the conditional density is built iteratively and depends on a specific factorization:
where is a bivariate copula.
According to Aas et al. (2009) the decomposition of a multivariate density in C-Vine structure with n dimensions, is expressed as follows,
Where ; ; denotes the marginal densities and bivariate copula densities with parameter(s) ; and the outer product runs over the d−1 trees and root nodes , while the inner product refers to the pair-copulas in each tree .
In D-Vine structure with n dimensions, there exists (n!) possible combinations to the root of the tree. For a DVine, the density is given by:
where index identifies the trees, while run over the edges in each tree.
variables orders, we follow the principle of Brechmann and Schepsmeier (2013) who present a sequential selection of trees CD-vine such as maximum recovery trees. The empirical rule for the first tree selection indicates an order of the variables that intends to capture as much dependence as possible. Hereafter, one chooses the variable as root node so that the sum of the empirical Kendall's absolute values of all resulting couples is maximized for this tree.
The more the Kendall's Tau is higher, the more dependency is assumed to be strong between the underlying random variables. The idea is that the first tree should contain the pair copulas with the strongest dependency.
Note that for each node in the tree, it is possible to implement a copula belonging to a different family without asking for a particular assumption on the structure and the degree of dependence between each node and the tree level.
Fig-1. Trees C-Vine (left panel) and D-vine (right panel) with indices edges.
Source: Brechmann and Schepsmeier (2013) To validate the choice of the best vine copula, we consider in a first step a bivariate analysis to examine the robustness of the choice of the bivariate copula in the first tree. For this reason, the issue of goodness-of-fit (GoF) testing is considered. A GoF test verifies if the copula is misspecified, i.e., different probably from the unknown best copula. The Cramér-von Mises (CvM) test is a broadly used test of copula models based on comparing the fitted copula CDF to the empirical copula (see, Rémillard (2010) ). In this study, we conduct a goodness-of-fit analysis relying on Kendall process as indicated by Genest et al. (2006; who compare the robustness of the various tests for the choice of copulas and they propose an alternative test based on the Cramér-Von Mises statistic.
The hypothesis to be tested can be expressed as follows: . The test is based on the Cramer-von-Mises statistic , which measures the distance between empirical copula and the candidate parametric copula . It is given by:
where is Kendall's process given by: . Empirical copula of the uniform data can be expressed as: U signifies the empirical n-dimensional marginal distributions. Since, we ignore the distribution of , p-values are estimated using a bootstrap approach based on the algorithm from Genest et al. (2009) .
The null hypothesis of stability is rejected when the observed value of is larger than the th percentile of its distribution under the null hypothesis.
In second step, we choose the most appropriate C-or D-vine copula in the multivariate framework. We consider the information criterion's namely the Akaike Information (AIC) and the Bayesian Information (BIC).
Copula estimation method
For parameter estimation, we rely on the canonical maximum likelihood method (CML) proposed by Genest et al. (1995) . We select this method because it does not impose any assumption on the parametric form of the margins.
Indeed, a really specification can affect marginal parameter copula estimation. Specifically, the CML method uses the empirical probability integral transform to obtain uniform margins .This method is summarized in two steps:
 Transform margins in uniform variables using the empirical Cumulative Distribution Function (CDF);
 Estimate the parameters of the copula: .
Simulation Procedure
A main purpose of a multivariate model for non-life insurance losses is to accomplish an accurate evaluation of the risk capital that must be held by a company to cover unexpected losses. This section is devoted to the demonstration for risk capital estimate, which depends, in a critical manner, on the nature of marginal distributions as well as on the dependence structure of losses.
Let with marginal distributions , and are non-negative random variables representing individual risks i for a given period t. As pointed out by Bernard et al. (2014) risk aggregation is identified as the behavior of a global position associated with a risk vector . Therefore, the aggregate loss S ( is generated by a multivariate random vector of dependent losses, that is, depend on the relationship between these risks.
In the basic framework, we have considered an insurance company with a portfolio of d lines of business. Now, we suppose that we need to generate the distribution of the aggregate loss S of d lines of business. In fact, the total loss depends on the relationship between these risks (Dhaene et al., 2009) where S is generated by a bivariate random vector of dependent losses, i.e.
The provided data in the current article are aggregated by risk class i for period t (quarter). Indeed, for each observation {it}, responses are made up of the total claims it S . Thus, the total loss of the non-life risk portfolio is indicated as follows:
,
where, refers to claims yielded from individual risk i and obtained per quarter t; S is the aggregated loss of non-life risk insurance portfolio.
To determine the risk capital of an insurance company in the context of Solvency 2, Value-at-Risk (VaR) is a measure of risk, which can be applied in this model. It is defined as the maximum potential loss being able to support a firm at a given confidence level α over the horizon T. Indeed, we use in this study the Tail-Value-at-Risk (TailVaR) that describes the behavior of the tail of the distribution.
Let Ω be a set of defined scenarios on and P a set indicating all the positions that provide real values on Ω. A risk measure  is described as a mapping from the entire random variables indicating the risks for real numbers
is a measure of risk which is defined as the α-percentile of the distribution function of X and is expressed in monetary terms. In general, the Value-at-Risk at a level confidence , is defined by:
where F is the cdf continuous and strictly increasing.
For a continuous loss distribution function, is interpreted as the conditional expected loss beyond VaR. Cossette et al. (2013) define as:
. Otherwise, TailVaR can be written as follows:
To obtain VaR and TailVaR estimates combining copulas, we proceed to simulate N losses using multivariate model as follows:
Step 1: Fitting marginal distributions of losses.
Step 2: Transform each variable into uniform according to cumulative distribution function. We denote for ;
Step 3: Fitting the appropriate copula for each pair of transformed data vectors and Concluding estimate parameters by maximum likelihood function method (MLE);
Step 4: Generate N iterations from the fitted copula and calculate simulated aggregate losses ; form N portfolios and then conclude the estimate and .
NUMERICAL ANALYSIS
Using real-world data from the Tunisian database of insurance losses, we have run numerical study to examine the impact of the dependence structure on risk capital using different families of copula. Until fairly recently, the number of researches using data connecting to real-world insurance risk has remained negligible due to the scarceness of datasets and the reluctance of the insurance companies to publicize their private information.
Data
This contribution was originally motivated by the risk aggregation issue for a portfolio of insurance risks owned by a large Tunisian insurance company. Having successfully overcome the effects of the global financial crisis of 2008, the Tunisian insurance and reinsurance sector resisted, until 2011, the post-revolution socioeconomic upheavals. Consequently, at the national level, the year 2011 was marked with instability at all levels which was due to the popular movements and riots that the country has experienced since the beginning of the year. Undoubtedly, the consequences of these events were immediately experienced causing a recession of the economy that the insurance sector has not spared. Furthermore, the costs of damage have been covered with optional warranties embodied in standard appendices, i.e., funds arranged by the State as exceptional measures. Indeed, the beneficiaries are the insured (policyholders) who have subscribed this guarantee qualified as "riots and popular movements". For instance, in 2012, the sector recorded a loss of equal importance to that of 2011 if not more. The regulatory framework within which insurance companies in Tunisia operate has been inspired from international standards. In this respect, several prudential standards have been improved with regard to risk division, monitoring of commitments and adequacy of capital. To keep the reference point with the reform within the framework of the internal model, we study, in this paper, the sensitivity of capital adequacy to dependencies between risks using copula applied to a typical insurance company.
At this regard, the data set applied to estimate the model consists of incurred claim amounts net of reinsurance, In the following, Table 1 reports some summary descriptions corresponding to the four lines of business. We note that the four variables are somewhat scattered. The data are not symmetrical supported by a positive coefficient of asymmetry greater than zero for risks FT, TA and OB in the range of 1.11, 0.45 and 0.23, which confirms an asymmetry distribution on the right. In contrast, the variable Mot exhibits a negative skewness coefficient in the range of -0.41. Kurtosis coefficients for variables Mot, TA and OB display values below zero while the variable FT has a positive one (leptokurtic). Given the heterogeneity of risks, the marginal distributions expose different types of tails 3 . 
Marginal Distributions and their Parameterization
In this paper, we have to decide for each line of Business the best fitting distribution and parameters estimate.
Fitting loss insurance data is a delicate step because of their characters non-negativity, asymmetry and heavy tails.
Among the main challenges in insurance risk modeling, one confronts the issue of the presence of very heterogeneous losses, scarcity of data, short time series with extreme tails and the entailment to estimate quantiles at very high confidence levels. In practice, the regulator and most financial institutions argue that the lognormal distribution is the best candidate. Theoretically, all continuous distributions with positive field definition are presented as candidates for the loss distribution modeling 4 .
We suggest to our dataset a variety range of distributions to be tested, widely proposed in the actuarial science, namely gamma distribution, logistic distribution, lognormal distribution, Weibull distribution, Pareto distribution, exponential distribution, generalized Pareto distribution (GPD), generalized error distribution (GED), skewed generalized error distribution (SGED), and generalized hyperbolic distribution (GHD). These distributions exhibit altered thicknesses tails. Notably also, all the distributions parameters in this study are estimated by maximum likelihood method. In this case, the likelihood functions of a set of n independent observations x is estimated by:
. Where f is the density function whose parameters are represented by the vector θ.
The results of the distributions parameter estimates of four risks are exhibited in Table 2 . The parameter values of each distribution are deemed reasonable. The four loss variables demonstrate thicker tails at the ends of the fitted distributions. Once parameter estimation is performed, it is important to restrict our choice in one model.
In what follows, we will set up goodness-of-fit tests to test the acceptability of the different models and to classify them so that we could select among them the best one. A hypothesis test will examine the acceptability of the distribution. In fact, the null hypothesis can be formulated as follows: . Where: is the empirical distribution function. Therefore, the model provides a good fit if the null hypothesis is not rejected.
Then, we construct a Kolmogorov-Smirnov and Anderson Darling goodness of fit tests to ensure graphical results.
The tests consist in measuring the absolute maximum deviation between the empirical distribution function and that of the model. Unlike the conventional test, these methods consist in calculating p-value and critical values by Monte Carlo simulation. The p-value allows us to decide whether we reject the null hypothesis that states the adequate fit of the distribution data. Thus, the critical values will be calculated from the generated samples. and Lognormal (9.450, 0.163) distributions are very close. Hence, the four lines of business are well specified.
The closing modeling of marginal distributions leads us to wonder about the nonlinear dependence between the variables. In doing so, we make use a correlation coefficient of ranks, called the Kendall tau which is established by Kendall (1938) . The Kendall tau is useful for the modeling of copulas C and D vine. It is expressed as following: 
Results
In this section, we attempt to explore the dependence structure among losses data using copulas functions. As pointed out, we proceed to use various families of copulas with different specifications of tail dependence, which allows us to identify the tail-dependence between different variables. We pick out a copula model among the Gaussian, t-Student, Clayton, Gumbel, Frank, Joe, BB1, BB6, BB7, BB8 copulas.
For multivariate dependence modeling, we had to decide the choice of the best copula among C-or D-vine copula, which is built using a cascade of bivariate copulas. In doing so, we sort the order of the variables (losses) in the first tree when specifying C-or D-vine copulas. A rule to select the first root node consists of joining the most dependent pairs in the first tree in terms of absolute empirical values of pairwise Kendall's (Diβmann et al., 2013) .
As reported in Table 3 , the variable Mot displays a degree of dependence strongest with others. Therefore, this variable is the first root node for the C-vine copula. Applying the rest of the rule, the order of the first tree in C-vine copula is determined as the following: (Mot, FT), (Mot, TA), (Mot, OB). However, in the case of D-vine, the order of the variables in the first tree is taken as the following: Mot, FT, TA and OB. Having indicated which vine form we are working with, we specify the copula families and parameters as vectors of length d(d-1)/2, where d refers to the number of variables. In this respect, six pair copulas families related with C-or D-vine structure designated in the previous step have to be identified.
According to Brechmann and Schepsmeier (2013) the specification of the tree structure C-and D-vine is fitted sequentially using the AIC and BIC information criterions, which are served as benchmark criterion. To validate the choice of the bivariate copulas selected in the first tree which has a significant impact on the fitted copula, we conduct a goodness of fit test based on Kendall's process which calculate the Cramér-von-Mises statistic . 
1578.81
Note: the estimates obtained using the sequential estimation procedure. The numbers in brackets are the p-values. *** The statistics are significant at the 1% level. Source: Author's calculation.
In the case of C-vine, the root nodes for each tree (three levels) are determined and the estimated dependence parameters are exhibited in Table 4 . The C-Vine obtained with six bivariate copulas (conditional or unconditional)
is partially depicted in a vine plot 5 in Figure 2 . The first conclusion of the plot-vine stipulates the mixing of different bivariate copula families, which justifies the flexibility of the Vine copula. According to Table 4 , we find that the best-fitted C-Vine copula is composed of Gaussian copula (1 time), t-Student copula (3 times) and Clayton copula (2 times). In the first tree, we find two different copulas with different tails: one Normal copula (0.20), two tStudent copulas (0.16; 0.74). The second tree assimilates two Clayton copulas (0.34; 0.24). Finally, the t-Student copula (0.05) is installed at last level.
Fig-2. The optimal C-Vine copulas in 4-dimensions
Source: Author's calculation.
Similarly, Table 5 reports the estimates of the pair-copulas fitted to compose the D-vine copula. Figure 3 delineates the D-vine plot obtained with six bivariate copulas. Accordingly, the empirical results reveal that four bivariate copulas have negative parameters including, three Frank copulas and a Gaussian copula. The two other copulas, Joe and Clayton, have positive parameters. The first tree includes three different bivariate copulas that connect loss variables according to the degree of dependence structure namely, the copula Frank (-0.26), the normal copula (-0.18) and Joe copula (1.4). The level two of the tree assimilates two Frank copulas (-0.5, 1.4). Finally, the Clayton copula (0.5) is at level three. To verify the selected bivariate copulas for all pairs in the first tree, we apply a copula goodness-of-fit test based on Kendall's process which determine the Cramèr-Von Mises statistics. Then, we provided 10,000 bootstrap runs and exam for the validity of this choice. Looking at Tables 4 and 5 once more, only Guassian and t-student copulas yield a better fit in the first tree for C-vine type. However, according to CvM statistic, we perceived that the p-values of CvM statistic fail to reject Frank, Gauss and Joe copulas in the first tree for D-vine type. We can perceive that all estimated parameters of the conditional copulas in the first tree are significant at 1% significance level. Considering the Gaussian and Frank copulas, the estimated parameters (negative) are significant , indicating that the two lines of business display either an absence of dependency or a weak negative dependence between the small amounts of claims. However, the Joe copula show left-positive tail dependence between variables.
Having fitted the CD-vine copulas types to our data set, we attempted to decide the accuracy of Vine copula structure in terms of one or more criteria. Thence, we computed the information criterions AIC, BIC at the fitted models. Furthermore, we also looked at the log-likelihood values (LL) for each models so as to confirm our choice of the appropriate model. According to the results from Tables 4 and 5, we can see that the log-likelihood of C-vine is 1578.81, while the log-likelihood of D-vine is 1635.11. Comparing the empirical results in Table 4 
Sensitivity Analysis and Implications
The aim of this paper is to examine the levels of the capital requirement, which permit insurers to be solvent in upcoming periods at a certain probability threshold. At this stage of analysis, it is necessary to investigate the impact of dependency structure by aggregating losses using copulas on the risk capital estimation. Notably, also we highlight the sensitivity of the attained results to the choice of the used risk measures. In a first step, we simulate the random losses data from the fitted copulas: 5,000 four-dimensional samples are drawn from the D-vine copulas fitted to the four-dimensional dataset and inverted in terms of the original distributions of margins. By referring to the aforementioned advanced analysis in section 3, the simulated loss variables derived from D-vine are then summed up so as to establish an aggregated loss distribution as in Eq. (10).
In the second step, the capital requirement can be then inferred using the risk measures VaR and TailVaR for different levels α%. These measures of risk are calculated in terms of the aggregated loss distribution establish in the previous section with a specified level of probability. For our purpose, we choose arbitrary confidence levels α=( 95.5%, 97.5%, 98%, 99%, 99.5%). Especially, α = 99.5% is taken to simplify the coherent comparison of our results with the prescribed level in Solvency 2 in order to reply the research question of this paper. Given the distribution of prospective losses from the output of the R language (actuar Package), we can straightforwardly compute the VaR and TailVaR at the chosen levels of α.
To make suitable assessment, we propose a second model for capital requirement assessment, which stipulates the hypothesis of independence between losses (model 2). Continuing with the procedure outlined earlier, the simulated loss variables for each business line are aggregated to produce a distribution of the aggregate loss under independence hypothesis.
Through this method, we examine the switching of the funds required amount for the same confidence levels. The estimation Results of the two proposed approaches are compared numerically in Table 6 . As we can see from the table, we exploited the models of risk capital assessment to isolate the effects of taking into account the structures of dependence. At first sight, the attained findings provide insights on the practical effects of dependence modeling.
In the following, we first focus on VaR for the two scenarios and then compare the results for VaR and TailVaR. By comparing to D-vine copula (model1), the case of independence, which provides a multivariate distribution according to Monte Carlo approach leads to the higher VaR. As first finding, we can notice the primary effect of considering the dependence structure between risks. Thus, the higher the level of confidence taken by an insurer, more the VaR will be and gives important values of risk capital. Obviously, we recognized that the VaR is slightly lower than that obtained in the case of TailVaR. This explained by the fact that the VaR is not coherent measure while the TailVaR do. In fact, the TailVaR stipulates a more conservative amount of capital requirement since it is a coherent measure. Therefore, the regulator should reconsider the use of the risk measure. Now, by examining models in terms of dependency consideration, we notice immediately that the amounts of capital requirement calculated with vine copula are inferior to capital requirement evaluated with model 2. The estimation results show that the way in which dependence is modeled has a paramount impact on the estimation of risk capital. This impact is even more accentuated for the TailVaR. Moreover, we perceive that when a α=99,5% as under Solvency 2, differences between the D-vine are further underscored compared to the independence assumption. This impact is driven primarily by the amount of tail dependence that the vine copula tolerates.
Therefore, the extent of the impact fluctuates depending on the risk measure used and according to the chosen copula. The second interest of this study is to investigate the impact of diversification benefit resulting from writing multiple lines of business assuming to be dependent. A main implication of diversification effect is to mitigate the riskiness of the insurer's portfolio by combining potentially correlated risks. One has to realize that risk capital consists of quantifying the capital required to absorb losses in an adverse scenario. In fact, each line of business corresponds to a stand-alone business having to provide its own capital requirement (see also Embrechts (2009)) . From the insurer's perception, the diversification benefit is defined as the difference (savings) between the risk capital on the aggregate loss and the sum of the amounts of risk capital for each business line as if each is a stand-alone business (Tang and Valdez, 2009) . In other words, this difference denotes the gained in risk capital required due to the diversification of adding lines of business to the portfolio.
According to Merton and Perold (1993) the total portfolio risk will be lower than the sum of independent risks if these risks are not perfectly correlated with each other. The authors stipulate that if each business is supposed to be organized as a stand-alone business, the capital requirements are increasing due to the loss of diversification.
Therefore, the diversification gain refers to the gain in the capital when combining all risk factors in one company as opposed to running with the risk factors individually (see Eq. (13)).
In general, the diversification benefit can be quantified by the following expression:
if , there is a diversification benefit.
The diversification impact for the vine copula model considered is displayed in Table 7 . Thus, we closely observe there is a positive diversification benefit ranging from 1.91% to 5.77%, when explicitly modeling the dependence. This explained by the fact that the capital required to cover the four non-life risks, calculated with the copula D-Vine, is less than the risk capital assessed with the model 2. Moreover, insofar as the dependency structure between the lines of business is overlooked, the required capital becomes more accentuated than in the case where this dependence is considered. This emphasizes that the diversification effect is largely driven by the general level of dependence modeled using copulas. It is caused otherwise by the amount of tail dependence among losses that copula permits. The more tail dependence allowed by a copula, the lower the risk capital as if losses are aggregated under this copula. The attained findings confirm the theoretical analysis found by Tang and Valdez (2009) which states that there is always a positive diversification benefit by aggregating lines of business in a multi-line case set up rather than running the stand-alone individuals affairs. Consequently, the choice of the dependence modeling of non-life insurance risks seems to be of main importance once the marginal distributions are fitted. We notice also that the choice of risk measurement significantly affects the level of risk capital and diversification benefit.
Insurance companies and regulators can explore our conclusions for the assessment of risk capital under Solvency 2, which is based on stochastic models.
CONCLUSION
The standard approach of the Solvency Committee on Insurance Supervision recommends insurance firm to determine the risk capital, which is proportional to a measure of its global risk. In this paper, we investigated the sensitivity of risk capital estimation to dependence structure among the losses from four non-life business lines of a Tunisian insurance company. We conduct the empirical analysis in two stages. In a first step, we examined the modeling dependence between losses using the multivariate vine copulas. Explicit dependence modeling is discussed critically by considering two copula classes, namely C-Vine and D-Vine Copulas, which consist of elliptical and Archimedean families. To confirm the choice of the fitted copula, we conducted goodness-of-fit analysis based on AIC and BIC criteria as well as the Cramer-von Mises statistic. It turns out that from a theoretical perspective, the D-Vine copula is probably the most appealing model for non-life insurance losses, while still being simply interpretable in its parameters and structure and authorizing for the presence of varied pairwise and tail dependencies. In a second step, we focused on the impact of realistic dependence structure of risks on the total capital requirement of four-dimension portfolio using VaR and TVaR measures in the simulation context. To achieve interpretable and accurate results, we considered a model for capital requirement forecasting, which stipulated the hypothesis of independence between losses derived from simulated data. By means of this model, we scrutinized the switching of the funds required amount for the same confidence levels.
capital requirement evaluated under the independence assumption. The estimation results show that the way in which dependence is modeled has a paramount impact on the estimation of risk capital. Thus, the attained findings provide insights on the practical effects of dependence modeling. In addition, the TailVaR stipulates a more conservative amount of capital requirement since it is a coherent measure. Therefore, the regulator should reconsider the use of the risk measure. Therefore, the extent of the impact fluctuates depending on the risk measure used and according to the chosen copula. Several research perspectives appear to be promising, such as the integration of the extreme values theory (EVT) with the multivariate R-Vine copulas. Some limitations confront this analysis including sample size and data availability. The technique of D-Vine copula is a flexible approach when used with homogeneous databases, but it is not the appropriate solution to all dependency modeling problems.
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